In today's rapid changing market situations, many nations and companies try to keep or make better their situation and gain more market share by creating competitive advantages. Because of growing number of uncertain parameters in the environment and lack of information about the future, the strategic choice has become very complex and critical. One of the popular tools for solving the problem is scenario analysis. In this paper based on fuzzy clustering we propose a method for building, analyzing and ranking the possible scenarios. To cope with the issue of uncertain parameters of the environment in strategic planning, we use the concept of fuzzy set theory to enhance the proposed method. Finally the performance of the proposed method is illustrated in a strategic planning case in a pharmaceutical company.
Introduction
In today's world, the market climate changes more quickly and countries realize that globalization makes the world smaller and more competitive. Also customers seek products and services that can respond to their specific needs and firms attempt to create competitive advantages to keep their profit and market share. Complex business organizations and competitive environment uncertainty have focused business researchers' and practitioners' attention on the use of strategic planning to integrate and optimize management processes. These trends compel firms and countries to forecast future events and design a proper action for future trends.
Strategic planning helps an organization to cope with increasing environmental turbulence and complexity, more intense competitive pressures, and the pace of technological change (McDonald, 1992) . The main focus of strategic planning is deciding what strategies should be used to create a sustainable competitive advantage for competing in a given product market.
So for making effective and sustained decisions in strategic planning in an uncertain environment, knowing the current condition of environment and forecasting the future trends of environmental factors is necessary and critical. The environment can be regarded as a number of different compartments and processes that interact in a complex system. The assessment of the environmental consequences of an event is therefore complicated by the variety of influencing factors (Andersson, Stjernstrom & Fangmark, 2005) . But because of rapid environmental changes, intensified competitiveness and uncertainty of environmental factors, making or formulating strategies based on traditional methods is become very difficult and in some cases impossible.
To cope with this issue in strategic planning, a popular tool is scenario analysis, whereby scenarios are built for possible events in future and strategies planned with respect to these scenarios.
A scenario is a description of a future situation and the course of events that enables one to progress from the original situation to the future situation. The word scenario is often abused, especially when used to describe any set of hypotheses. Of course, these hypotheses must simultaneously be pertinent, coherent, plausible, important, and transparent to meet all of desirable criteria (Godet, 2000) . Qualitative scenarios describe possible futures in the form of words or symbols, while quantitative scenarios describe futures in numerical form (Alcamo, 2001) . A good scenario should be relevant, consistent (coherent), probable and transparent. In principle, only a few substantially different scenarios are needed (Nguyen, De Kok & Titus, 2006) . The participatory approach to scenario building, which is widely acknowledged, requires a wide spectrum of knowledge and opinions from multidisciplinary team members (Schwab, Cerutti & Von Reibnitz, 2003; Van der Heijden, 1996) . Scenario analysis has three main purposes. The first is to forecast the environment; the second is to evaluate strategic options, especially the robustness of them, against the possible scenarios; and the third is to provide a nontechnical audience a picture of future alternative states of the environment in an easily understandable form that can provide an effective format in which information in both qualitative and quantitative forms can be assimilated and represented (Derek & Ahti, 1993; Nguyen et al., 2006) . But one problem is that scenarios build on experts' opinions and usually experts forecast future in linguistic expressions. So the knowledge and the experience of experts are often the data sources in strategic planning (Sarin, 1979) . Another problem is the complexity associated with uncertain environmental factors and often lack of relevant historical data. The complexity of the environmental problems makes necessary the development and application of new tools capable of processing not only the numerical aspects, but also the experience of experts and wide public participation, which are all needed in the decision-making process. This paper aimed to develop a simple methodology to cope with this problem. The main contribution of this paper lies in the implementation of a simple methodology based on fuzzy set theory and fuzzy clustering aimed to assist decision makers in their strategic decision process.
The reason for using fuzzy set theory and fuzzy clustering stems from the complexity, uncertainty and lack of knowledge associated with environment. The fuzzy set theory is precisely a theory that provides a framework to handle the sources of uncertainty, including vagueness, ambiguity and imprecision, at the same time (Nguene & Finger, 2007) . Fuzzy set theory that was originally developed by Zadeh (1973) , aims to formalize the linguistic reasoning in mathematical form, which provides a means of approximate characterization of phenomena that are too complex to be amenable to description in conventional quantitative terms.
Many papers have used fuzzy set theory in management issues like transportation (e.g. Sheu, 2005) , logistics or supply chain (e.g. Wang & Shu, 2007; Hu & Sheu, 2003) and strategic management (e.g. Kardaras & Karakostas, 1999) , but few papers have applied fuzzy set theory to scenario analysis (Nguyen et al., 2006; Nguene & Finger, 2007) .
Using a fuzzy clustering approach in aggregating the possible scenarios into a few main scenarios and developing a method for calculating the consistency or compatibility of scenarios is what differentiates this research with the past works mentioned above.
The remainder of this paper is organized as follows. In Section 2 we describe the proposed methodology. For better understanding of the proposed method, a case study is presented in Section 3, and in Section 4 a summary of the work and some possible future works are presented.
Methodology
To cope with the issues of linguistic expression of an expert in strategic planning, uncertainties and lack of information about future forecasting, we use the concept of fuzzy set theory and fuzzy clustering to develop a hybrid method for scenario analysis. This method comprises five main steps:
Step 1 Defining key factors and describing their possible future trends in the opinion of experts.
Step 2 Generating all possible scenarios from a combination of factors' future trends.
Step 3 Calculating pair wise compatibility indexes and eliminating incompatible scenarios.
Step 4 Defining main scenarios with Fuzzy C-means clustering (FCM) method and ranking them by calculating the degree of possibility for each final scenario.
Step 5 Project the cluster centres for expressing and interpreting the main scenarios in linguistic terms.
The input of this system is qualitative expressions by several experts about key factors' future trends (step 1). Then these subjective qualitative expressions are translate into a quantitative form based on fuzzy numbers for generating all possible scenarios (steps 1 and 2). Scenario analysis and compatibility measurements are performed by fuzzy set theory operators (step 3) and by aggregating the possible compatible scenarios based on fuzzy clustering the main final scenarios are achieved. Finally, the main scenarios are presented and used in both quantitative and qualitative (linguistic expression) form. This process is illustrated in Figure 1 . 
Inputs Outputs Analysis and operations
The detail of each of the five steps is described in below.
Defining the key factors and their future trends
In this step, based on environmental analysis and experts' opinions, the most influential key factors (variables) are distilled. In strategic planning literature these factors often classified in five segments: Political, Economic, Cultural and Social, Technological, Demographic (Pearce & Robinson, 2005; Mowen & Minor, 1997) . Consequently, we should define the main factors with respect to these areas and forecast their future trends by experts' opinions. But as mentioned earlier, one problem is that experts forecast the future in linguistic expressions (e.g. market demand for lifestyle drugs will be increased strongly). To cope with this issue we use fuzzy set theory. If the market demand is a linguistic variable, the value terms of this linguistic variable could be "low", "moderate" and "high" instead of crisp numbers. A linguistic expression like "market demand for lifestyle drugs will be high" could be modeled by a fuzzy number. A fuzzy number is a normal and convex fuzzy set with bounded support (Klir & Yuan, 2002) . The fuzzification, which can be described by the process of establishment of membership functions, requires several steps, consisting of the establishment of ranges in the numerical domains of the key factors concerned, the specification of boundaries in the fuzzy domains of associated fuzzy subsets and the selection of the shape of the membership functions (MFs) (Nguyen et al., 2006) ‫٭‬ . There are, in general, no rules for the selection of shape of a membership function when little data and expert's knowledge about a variable exist. Therefore, the symmetrically trapezoidal, triangular and Gaussian MFs are often chosen for this purpose. In this paper MFs of key factors have the triangular form ( Figure 2 ).
In addition to the specification of the numerical ranges of variables, it is necessary to specify the boundaries of the associated fuzzy subsets. For example, from what value to what value can the market demand be considered to be ''low'' or ''high''.
The boundaries of fuzzy subsets may interred, i.e. one particular demand quantity can belong to both ''low'' and ''medium'' fuzzy subsets (Figure 2 ). These boundaries are often established subjectively from the experience of experts.
Generating all possible scenarios
Now it is possible to generate the scenarios. Each combination of forecasted future trends of key factors makes a possible scenario. As illustrated in the case presented in Figure 3 , the combination of forecasted trends makes 834 possible scenarios. So the number of scenarios grows very fast when the number of forecasted trends increases.
Many of these possible scenarios have a very low degree of possibility; we named them in this paper "incompatible scenarios". For a valid strategic planning, incompatible ‫٭‬ For more information about the concepts of the MFs we refer readers to (Zadeh, 1973) . scenarios should be detected and eliminated. For this purpose, a method is proposed based on fuzzy set theory in the next section.
Calculating the fuzzy compatibility index and eliminating incompatible scenarios
One way to measure the degree of possibility of a scenario is to measure the compatibility of each pair of forecasted future trends in each scenario. However the relation between the pair wise forecasted trends often can not be clearly expressed by an expert, especially for long-term forecasting. Moreover there are no past data to refer to. Therefore, to determine the degree of possibility of a scenario that shows its importance, we define a fuzzy compatibility index (FCI) between each pair of forecasted future trends. The concept of triangular fuzzy number (TFN) is used for this purpose. As shown in Figure 4 , five linguistic variables as TFNs between 1 and 5 (FCI (i, j) ) were defined. FCIs were determined based on experts' opinions.
Experts determine the compatibility between each pair of forecasted trends in linguistic terms in a range of "very low" to "very high" (very low, low, medium, high and very high). For eliminating the incompatible scenarios two rules were used:
1. If one or more than one of FCIs between each pair of forecasted trends (FCI (i, j) ) in a scenario is "very low" the related scenario was eliminated.
2. If the average of FCIs in a scenario is less than "Medium" (or fuzzy number 3 ), the related scenario was eliminated.
At the end of this stage we have some compatible scenarios, but as mentioned before if there are too many scenarios (more than 5 or 6), they will lose their characteristics and blur the main issue. Therefore to solve this problem and to achieve the efficient number of scenarios, similar scenarios should be grouped. We use fuzzy clustering for this purpose as described in the next section.
Defining the final scenarios and their ranking
Classification methods can be divided in two main groups of techniques: discriminant analysis and cluster analysis. Cluster analysis refers to the unsupervised situation where little or no information is available about group structure prior to the classification. The goal is to find groups in the data. Discriminant analysis refers to situations where the membership of a set of samples is known and the main purpose is to build a classification rule applicable for new and unknown samples. 
…
Cluster analysis is based on partitioning a collection of data points into a number of subgroups, where the objects inside a cluster (a subgroup) show a certain degree of closeness or similarity. Hard clustering assigns each data point to one and only one of the clusters, with a degree of membership equal to one, assuming well defined boundaries between the clusters. This model does not often reflect the description of real data, where boundaries between subgroups might be fuzzy and where a more nuanced description of object affinity to the specific cluster is required (Gath & Geva, 1989 ).
Fuzzy clustering, as an advanced clustering method, unlike the hard clustering methods, allows each data point to belong to several groups with different degrees of similarity bounded within the range of 0 and 1. Another benefit is that in fuzzy clustering we can analyze multi-dimensional data consisting of linguistic attributes (Hu & Sheu, 2003) .
The Fuzzy C-means clustering algorithm (FCM) is based on the minimization of an objective function called C-means functional (Bezdek, 1975) . The FCM algorithm uses a standard Euclidean distance norm, which induces hyper spherical clusters.
For the Fuzzy C-Means clustering algorithm there are three input parameters needed to run this function:
• The number of clusters or initializing partition matrix.
• The fuzziness weighting exponent.
• The maximum termination tolerance.
The two latter parameters have their default value, if they are not given by the user. The function calculates with the standard Euclidean distance norm, the norm inducing matrix at an (n x n) identity matrix. The result of the partition is collected in structure arrays.
In this paper we use FCM algorithm in our methodology to group the similar scenarios. The detail of the FCM algorithm is described in the appendix.
Another issue is determining the number of clusters that represent the number of final scenarios. It is important that we know how many clusters should be used in FCM method. For this purpose, a cluster validity method must be examined.
Validity methods began with Bezdek partition coefficient (V PC ) and partition entropy (V PE ) of U matrix, which shows the degree of membership of each data to each cluster. In this paper we use a more recent index known as the Fukuyama-Sugeno index. This index provided better response versus other validity indexes include partition coefficient and partition entropy of Bezdek (Pal & Bezdek, 1994) . The index is presented in the appendix. To choose the optimal number of clusters that shows the number of final scenarios, we proposed the below procedure.
Number of clusters NC=1
Maximum allowed number of scenarios MN=max (MN is a case based number usually between 5 to 7)
While FSI (NC) <FSI and NC<MN
NC=NC+1
Calling FCM algorithm procedure
Calculating Fukuyama-Sugeno index FSI (NC) After clustering the scenarios we have the main scenarios, but these scenarios do not have the same degree of possibility, because of the difference in their degree of possibility. To rank these main scenarios with respect to their importance (degree of possibility) we propose a formula as follow: This formula could properly represent the degree of possibility of the main scenarios. The scenarios that achieve a higher ranking score (RS) are more important than others, because the possibility of occurrence for these scenarios is higher than the others.
Expressing and interpreting the main scenarios
Ideally we should present the scenarios in linguistic expressions to senior management for decision making. To express the final scenarios in a linguistic statement we introduce a method base on the projection of cluster centres. In this method cluster centres were projected on each axis. Each axis is related to one key factor and as mentioned before we define linguistic variables on each axis base on fuzzy numbers. Therefore each cluster centre as a main scenario represents a scenario that includes all the key factors and their future trends. As a result we could explain each main scenario in linguistic expression with this method. In the next section the proposed method is used in a case study.
Case study
In this section the proposed method is applied to a case study in the pharmaceutical market. The studied case is a pharmaceutical Asian company with two plants and one research centre. The company is produces three drugs. Two of them are usual prescription drugs with an approximately smooth demand used in medical care activities. These drugs are under protection of government and direct government pricing rules. There is a possibility of exporting for these two drugs to two neighboring countries, which have a critical need for these drugs. But this opportunity is encountering some political obstacles. The other drug (X) is an over-the-counter lifestyle drug without government protection and with free market pricing. Drug X is developed in the company's research centre and the company has patent rights to it. X sales is almost 45% of the company's total revenues. One critical problem that threatens future X sales is the weakness of government laws in patent protection. This problem seems more important because now company decides to develop another lifestyle drug in its research center. The other critical factor is the size and structure of market demand. There are several forecasted future trends for this key factor because of environmental uncertainty. This has a significant effect on the company's strategic choice. If the share of lifestyle drugs in the structure of demand increases or decreases the strategic choice will change significantly. We define the MFs of each key factor base on expert opinions. For example the MF of "share of lifestyle drugs in total demand" is illustrated in Figure 5 . Other key factors and their forecasted future trends are illustrated in Table 1 . As explained before, now all possible scenarios must be generated from the combination of forecasted future trends. In this case with respect to Table 1 , the combination of forecasted trends makes 96 possible scenarios (see Table 2 ).
To omit the incompatible scenarios, first FCIs between forecasted trends should be determined based on experts' opinions. Pairwise FICs for the pharmaceutical company case are illustrated in Table 3 . After determining FCIs, we can now eliminate the incompatible scenarios using the two rules proposed in Section 2.3.
After exerting the rules on possible scenarios of the studied case, 35 scenarios remained (see Table 4 ). But as mentioned before, for a good scenario analysis the number of scenarios should not exceed from 6, otherwise they will lose their characteristics and blur the main issue. Therefore, as described in Section 2.4 we use the FCM fuzzy clustering method to group the similar scenarios. The results of clustering are shown in Table 5 . The optimum number of clusters that represent the number of final main scenarios in this case is 5. As mentioned before this number is calculated on the basis of the Fukuyama-Sugeno validity index. Now we can project the cluster centres to present the final main scenarios in linguistic terms. Final main scenarios and their related ranking scores are shown in Table 6 . Ranking scores show the degree of possibility of each scenario. Results of clustering show that in this case, five main scenarios could explain the possible future situation in the Pharmaceutical market. As is shown in Table 6 scenario No.3 is the most possible scenario. We could explain main scenario No.3 in a linguistic statement as follow.
There is a low possibility of exporting to two neighboring countries and the health care insurance will be extended moderately. Pharmaceutical companies will merge, especially with regard to research laboratories. Population senility will grow highly. Total demand, share of lifestyle drugs and the culture of consuming lifestyle drugs will grow moderately.
Conclusion
Scenario analysis is a powerful tool to cope with environment changes in strategic planning. But it associates with two problems, one is that scenarios build on expert's opinions and almost experts forecast future in linguistic expressions and second is the complexity associated with uncertain environmental factors and often lack of relevant historical data.
In this paper we introduce a method for scenario analysis in strategic planning to cope with the issues of uncertain parameters of environment and linguistic expression of an expert in strategic planning. We use fuzzy set theory and fuzzy clustering method to represent and group the expert's linguistic expressions. The proposed method is used for scenario analysis in a case in Pharmaceutical market to illustrate the performance. At the end we propose the following issues for future researches.
• Using the fuzzy clustering method that works with fuzzy data.
• Using fuzzy multi criteria decision making (FMCDM) methods for scenario ranking.
• Relation of scenario analysis and strategy ranking.
• Relation of scenario analysis and the robustness of strategies.
FCM Clustering Algorithm
Given the data set X which includes X and Y, the number of clusters 1<c<N, the weighting exponent m>1, the termination tolerance ε>0 and the norm-inducing matrix A, the algorithm tracks the following steps.
Step 1 Step 2: Compute the distances:
Step 3: Update the partition matrix: 
